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Abstract
Although Smart grid applications increases rapidly but still the clear definition of smart grid varies according to 
different grasps of the matter. Basically, the smart grids will be characterized by a two-way flow of electricity and 
information and will be capable of monitoring everything from power plants to customer preferences to individual 
appliance. In fact, finding the suitable scheme to approach a reliable distribution system to overcome all expected 
changes and applications due to the smart grid is a very crucial and wise task. In this paper an operational scheme for 
a better performance of the power distribution system in the presence of distributed generation (DG) has been 
proposed. An artificial intelligence technique has been introduced in form of artificial neural network (ANN) for 
voltage monitoring and generation output optimization. The results show an efficient utilization of neural network 
which results in more controllable and observable power distribution system. 
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1. Introduction
Smart grid could be defined as the automated, widely distributed energy delivery network; the Smart 
Grid will be characterized by a two-way flow of electricity and information and will be capable of 
monitoring everything from power plants to customer preferences to individual appliance. The 
characteristics of smart grid can be summarized as: Enabling informed participation by customers, 
enabling new products, services, and markets, accommodating all generation and storage options, provide 
the power quality for the range of needs in the 21st century economy, optimizing asset utilization and 
operating efficiency, addressing disturbances through automation prevention, containment, and 
restoration and operating resiliently against all hazards. On the other hand, the communication network 
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architecture should be developed to achieve the goal of smart grid, therefore it should be power system 
oriented network, self healing network and data reliability guaranteed with secured information. The 
debates and discussions on this issue has been continued such as power globe community and IEEE 
Smart Grid Web Portal which is a resource that converges and organizes all Smart Grid-related IEEE 
events, activities, news and assets into one place-accessible to anyone, anywhere in the world [1] [2].
On the other hand, utilization of DG to power distribution system has been rapidly increased. Such a 
technology has been presented strongly in the top of many researches in the field of power system [3] [4]. 
However, deregulation of electrical utilities, environmental concerns and globalization could be the main 
reasons behind such phenomena. Using small and clean distributed power sources, such as photovoltaic, 
wind energy, fuel cells and energy capacitor devices, became a vital need to withstand the burdens of 
technological race. Providing an integrated performance and flexibility of the power system, is an urgent 
need to be implemented especially in the presence of uncontrollable and environmentally dependant 
power sources.
Applying classical or conventional methods to solve the matters related to power systems have been 
almost replaced by advanced schemes and technologies, namely artificial intelligence applications. D. 
Saxena [5] stated that the increased interconnection and loading of the power system along with 
deregulation and environmental concerns has brought new challenges for electric power system operation, 
control and automation. In liberalized electricity market, the operation and control of power system 
become complex due to complexity in modeling and uncertainties.
In this work an operational scheme based on ANN has been introduced [6] (Namely RBF neural 
network [7] [8]). The target is to have a closer look at the power distribution system by monitoring the 
voltage profile due to load changes and choosing the optimum output of the distributed generation 
accordingly. The results show the efficiency of the scheme in term of fast calculations and viable 
application. Since the target is to achieve a smart grid by dealing with load and generation in a flexible 
manner this work could be a base for a further improvements in this regard.
2. Proposed Scheme
2.1. Flow chart
The first step of the scheme is to determine the target system and run the power flow calculation to 
find the voltage level at every node of the system. The target system is preferred to be a medium tension 
distribution system which is very common system in the small cities and remote areas which is the main 
target of smart grid applications. In this case a 33-bus medium tension 3-phase 4 wires distribution system 
of 12.66 kV and a total load of about 5 MW has been used. The lines data are available at [9]. Also the 
total power loss of the system will be calculated and an objective function of minimum power loss 
achieved by the optimal output of the DG will be decided.
Next step is to train and construct the ANN which will be the tools used in further observations in the 
system. By following the flow chart shown in Fig.1 the proposed scheme will be fulfilled achieving smart 
grid, where RBF-NN-C is the block representing the RBF neural network constructed by Matlab after the 
training and validation process. The details of this process are explained in the next section. 
Hub system is suggested as illustrated in Fig. 2 in order to achieve a kind of smart load in the smart 
grid taking most of the sources in the central hub as a renewable energy sources into account.
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2.2. ANN utilization
In this study, two structures of RBF neural network for the estimation of voltage profile and total 
power loss have been developed. Basically, a single structure for this study can be designed; however 
much higher error may occur during the validation process. The basic configuration of the proposed 
network is shown in Fig.3. In this figure, there are 33 input signals (N1-N33) for both estimation purposes 
that represent the output of the DG unit for each node. On the other hand, there are 33 output signals for 
voltage profile estimation and only a single output signal for the total losses. For each task, the 
development of RBF structure follows three important stages. They are the establishment of training data 
set, training process and validation. 
Fig. 1. Flow Chart of the proposed scheme
Fig. 2. General configuration of energy and distribution hub system                Fig. 3. ANN RBF network structure
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Firstly, the training data set was taken from 33-bus IEEE test system mentioned in section 3.1. This 
data set is to cover the entire domain of total losses and voltages as a function of input power between 0 
and 4 MW connected at every node. For this assumption, there are 133 training data patterns.
The second stage is the training process. During the training process, the input vector which will result 
in lowering the network error is used to create a new hidden neuron. If the current error after the neuron 
insertion is low enough, the training stops.  In this study, the parameter of training process: the mean 
squared error goal (GOAL), spread of radial basis functions (SPREAD), maximum number of neurons 
(MN) and the number of neurons to add between displays (DF) are 0.003,1.0,133,1, respectively [10]. 
The outcomes of the training process are the number of the hidden neurons that represent the structure 
of RBF neural network and the training error that represents the accuracy of the confirmed structure. As 
results, there are 119 of hidden neurons and 0.000933 of training error for RBF based voltage estimation 
as shown in Fig. 4, while there are 129 of hidden neurons and 0.00062 of training error for RBF based 
total losses estimation as shown in Fig. 5.
   
Fig. 4. Error during training process for voltage estimation       Fig. 5. Error during training process for power loss estimation
At glance, the RBF structure is similar to the TFFN network in terms of weights and biases connection 
between layers. The weights w1 connect the input layer to the hidden neurons and weights w2 connect the 
hidden neurons to the output layer.
Also, there are two biases b1 and b2 for utilizing this network. The only difference is the 
implementation of transfer function between the layers. In TFFN structure, logsig function is the common 
utilized function in all layers, depending on the target of study and the complexity input-output data 
patterns. In RBF network, in the first layer, the Euclidean distance weight function is applied for all input 
signals and its connected weight w1 and bias b1, before preceding them to the 'radbas' transfer function. 
This algorithm can be formulated as follows:
𝑎𝑎𝑎𝑎1(𝑛𝑛𝑛𝑛) = 𝑟𝑟𝑟𝑟𝑎𝑎𝑎𝑎𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑎𝑎𝑎𝑎𝑟𝑟𝑟𝑟[𝑟𝑟𝑟𝑟𝑑𝑑𝑑𝑑𝑟𝑟𝑟𝑟𝑑𝑑𝑑𝑑(𝑤𝑤𝑤𝑤1(𝑛𝑛𝑛𝑛, 1) 𝑁𝑁𝑁𝑁1 +𝑤𝑤𝑤𝑤1(𝑛𝑛𝑛𝑛, 2)𝑁𝑁𝑁𝑁2 +⋯    + 𝑤𝑤𝑤𝑤1(𝑛𝑛𝑛𝑛, 33)𝑁𝑁𝑁𝑁33).𝑟𝑟𝑟𝑟1(𝑛𝑛𝑛𝑛, 1)] 
where n is the number of the nodes in the hidden layer and N is the number of the input node representing 
the node of the real system. In this structure, n is equal to 119 and 129 for estimation tasks of voltage 
profile and total power losses, respectively.
After this process, the output layer a2 is calculated by simply applying the 'purelin' transfer function 
between a1 and weights w2, include the bias b2 of the second layer.  The mathematical model is stated for 
this condition as:
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𝑎𝑎𝑎𝑎2(𝑚𝑚𝑚𝑚) = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑟𝑟𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ��𝑤𝑤𝑤𝑤2𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑=1 (𝑚𝑚𝑚𝑚,𝑑𝑑𝑑𝑑)𝑎𝑎𝑎𝑎1(𝑑𝑑𝑑𝑑)� + 𝑟𝑟𝑟𝑟2 
where m is the number of nodes in the output layer. In this case, m is equal to 33 and 1 for estimation 
tasks of voltage profile and total power losses, respectively.
2.3. Simulation
Digital simulation using Matlab/Simulink has been carried out following the proposed scheme to show 
the viability of the proposed idea.
3. Results and Discussion
3.1. Voltage profile
In order to investigate the voltage profile in the presence of DG systems, a base case defined as the 
system without any DG contribution is compared with the cases of optimum DG connected at the suitable 
location as declared from the above discussion. The same nodes 6, 9, 18 and 32 are tested with the 
optimal DG capacity presence and the voltage profile at every bus is measured to conclude that the 
voltage profile of the system is not only kept in the range but noticeably improved. Fig. 6 shows that 
without DG unit the voltage level at node 18 reaches 0.915p.u which may be critical within the permitted 
range. This problem can be solved by installing a unit of 1.1MW at node no. 32. The significant voltage 
improvement of this point is observed when the location of unit much closer to the upper system (DG unit 
at node no. 6and 9). For other cases, this method can prepare a look up chart showing all voltage ranges 
with respect to the presence of optimal DG unit to survey for the best voltage profile. Therefore, the only 
condition to be provided to reach the voltage improvement in this study is the installation of optimal 
output DG unit in the right location.
Fig. 6. Voltage profile of the system in the base case compared with the optimum DG placed at different Locations
Another important result from our proposed method is that the voltage profile of the entire network 
can be monitored as the DG output is changed in specified location. The 3-D graph in Fig. 7 shows the 
voltage profile with a placement of DG unit at node no. 18. In the figure the x-axis represents the location 
which is the 33 nodes of the real system and N1 to N33 in the RBF neural network, y-axis represents the 
output of the DG incremented with a specified step from 0 to 5MW ramp function, that representing the 
power injected to the system, and z-axis represents the voltage at every node of the system in per unit.
8  Yaser Soliman Qudaih and Yasunori Mitani / Energy Procedia 12 (2011) 3 – 96 Yaser Soliman Qudaih et al. / Energy Procedia 00 (2011) 000–000
Fig. 7. Voltage profile of the system with DG allocated at Node 18
3.2. Optimal DG output
To reach our objectives in this study, several tests have been performed in order to find the best 
solution for optimal output and deployment of several DG units. At the beginning, all inputs from N1 to 
N33 are zeroed to represent the base case where no DG is connected. The simulation runs to find the 
voltage at every node and the total losses in the system. After that, the inputs are replaced by a ramp 
function at every node. The data generated by ramp function is shown in Fig. 8 representing the DG 
output increased from 0 to 5 MW gradually with a specified step. The reason of selecting these data 
ranges is to match with the maximum load demand of the specified system and also to implement a 
variety of DG outputs with a small step difference. Under this scenarios, the simulation runs to find the 
total losses in the system and the voltage at every node.
The optimum output of DG unit taking the minimum losses as the reference on each node can be 
measured by applying the ramp signal for the constructed RBF network presented in Fig. 8 earlier. Under 
this approach, the optimal DG unit output at nodes no.6, 9, 18 and 32 can be obtained as 2.6, 1.7, 0.7, 1.1 
MW related to a minimum losses of 116.1, 139.4, 149.2, 141.1 kW, respectively. This result is shown in 
Fig. 9.
Based on Fig. 10, the lowest minimum losses is at node no. 6 with the optimal output of the DG unit 
equals to 2.6 MW, followed by node no. 26 with the output of 2.4MW. Having this information provides 
hierarchical locations to install the DG unit, depending on the availability of power source on the 
network. If the main consideration is the minimum power losses, then nodes 7-18 and nodes 27-33 are the 
reasonable options. For instance, the node no. 7 can be the alternative solution with 2.4MW in optimal 
output to replace the location of DG unit in bus 6 due to the abundance of sunlight for PV system or the 
availability of biomass/fuel cells source at node no. 7. Especially the group nodes no. 27-33, this is also 
the other benefits from the proposed study that there is a high potential to install DG unit far away from 
the main source which is a common recent trend.
Fig. 8. Input data for the RBF network which represents the DG 
outputs
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Fig. 9. Optimal output of the DG at every node of the 
distribution system
Fig. 10. Total minimum power loss of the distribution system at every node with optimum DG output
4. Conclusion
Based on the minimum power losses the optimal output of the DG has been found. In addition voltage 
profile can be found in the same time. The job has been done in using fast technique which can be utilized 
as an offline or online tools to improve the operation of the distribution system under different loading 
conditions and in the presence of DG. The two way communication which is the main concept of smart 
grid is illustrated in this work by monitoring the voltage and adjusting the generation according to the 
load changes. Future work is ongoing to improve the communication between different elements of the 
network using multi-agents.
References
[1] Louie H , Burns M, Lima C. An introduction and user's guide to the IEEE Smart Grid Web Portal. Innovative Smart Grid 
Technologies Conf. Europe (ISGT Europe) 2010;1–5, .
[2] Heydt GT, Bose A, Jewell WT, Kezunovic M, McCalley JD, Ray DJ, Sauer PW, Singh Ch, Vittal V. Professional 
Resources to Implement the Smart Grid. IEEE PES General Meeting 2009.
[3] Pepermans G, Driesen J, Haeseldonckx D, Belmans R, D'haeseleer W. Distributed generation: Definition, ben-efits and 
issues. Energy Policy 2005;33(6):787-798.
[4] El-Khattam W, Salama MMA. Distributed generation technologies, definitions and benefits. Electric Power System 
Research 2004;71(2):119-128.
[5] Saxena D, Singh S.N, Verma KS. Application of computational intelligence in emerging power systems.  International 
Journal of Engineering, Science and Technology 2010;2(3):1-7.
[6] Harold Salazar, Ramón Gallego, Rubén Romero. Artificial neural networks and clustering techniques applied in the 
reconfiguration of distribution systems. IEEE Transactions on Power Delivery 2006;21(3).
[7] Ahmed MA, Haidar, Mohamed A, Hussain A. Vulnerability assessment of power system using radial basis function neural
network and a new feature extraction method. American Journal of Applied Sciences 2008;5(6):705-713.
[8] Dash PK, Mishra S, Panda G, Eng. Coll. Regional, Rourkela. A radial basis function neural network controller for UPFC.
IEEE Transactions on Power Systems 2000;15(4):1293–1299.
[9] Baran ME, Wu F. Network reconfiguration in distribution system for loss reduction and load balancing. IEEE Trans. 
Power Del. 1989;4(2):1401–1407.
[10] Qudaih YS, Syafaruddin, Hiyama T. Conventional and intelligent methods for DG placement strategies. Proceedings of
Asia-Pacific Power and Energy Engineering Conference (APPEEC), Chengdu, 2010:28-31.
